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ABSTRACT 
Various diagnostics methods have been applied to machinery condition monitoring 
and fault diagnosis, with far from satisfactory levels of accuracy. With the 
development of modern multi-sensor based data acquisition technology often used in  
advanced signal processing, more and more information is becoming available for the 
purposes of fault diagnostics and prognostics of machinery integrity. It is recognized 
that multi-parameter data fusion approach to diagnostics can produce more accurate 
results. Fuzzy measures have the ability to represent the importance and interactions 
among different criteria. This paper presents an effective fuzzy measure and fuzzy 
integral data fusion approach for machinery fault diagnosis. Feature level and decision 
level data fusion models were developed for machinery fault diagnosis. Rolling 
element bearing and electrical motor experiments were conducted to validate the 
models. Different features were obtained from recorded signals and then fused at both 
feature and decision levels using fuzzy measure and fuzzy integral data fusion 
methods to produce the diagnostics results. The results show that the proposed 
approach performs very well for bearing and motor fault diagnosis. 
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1. INTRODUCTION 
With the development of modern computer and microelectronic technology, more and 
more information is becoming available in condition monitoring systems. This 
accumulation of data highlights the need for effective and efficient management and 
reduction techniques for handling machinery condition monitoring and fault diagnosis 
data. The purpose of data fusion is to produce an improved model or estimate of a 
system from a set of independent data sources[1]. Multi-sensor integration and fusion 
technology is capable of dealing with the problem of information incompleteness and 
uncertainty. Data fusion techniques promise to make adequate and effective use of 
information resources and, thus help improve accuracy in diagnostics and prognostics.. 
Data fusion techniques increase the information quality and robustness of data 
received from multi-sensory arrays and/or outputs from individual diagnostic 
algorithms [2] [3]. The use of this technology can effectively increase the fault signal 
to noise ratio [4]. Data fusion can take place at different levels, such as the feature-
level and the decision-level. 
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Contemporary data fusion techniques were firstly widely used in military Command, 
Control, Communication and Intelligence (C
3
I) system where a large number of 
multimodal sensors were employed to search, track and identify targets [5]. Large 
complex machinery can have many parameters that can be used for condition 
monitoring purposes. In a US Army helicopter Health and Usage Monitoring Systems 
(HUMS) [6], nearly 1,700 sensors and pseudo sensors are tasked with monitoring the 
health of the aircraft, the health of the HUMS system itself and the data flow during 
operation. 
Classical set theory and probability theory have been widely applied for dealing with 
uncertainty problems. Fuzzy set theory and fuzzy measure theory are two more 
general mathematical methods. Fuzzy methods are more effective than traditional 
clustering methods in handling fault features which are imprecise, with the boundaries 
among different failure modes usually being ambiguous in their mapping space. 
Fuzzy methods describe fault patterns in a non-dichotomous way which is similar to 
the manner in which human beings process vague information. As an outgrowth of 
classical measure theory, Fuzzy Measure (FM) and Fuzzy Integral (FI) theory has 
been applied to pattern recognition [7] [8] [9], image processing [10] [11] [12] and 
information fusion [13] and have the advantage that they are able to represent 
importance of criteria and certain interactions among them.  
This paper presents an effective fuzzy measure and fuzzy integral data fusion 
approach for machinery fault diagnosis. Feature level and decision level data fusion 
models were developed for machinery fault diagnosis. At the feature level, the 
individual contributions of different features are obtained using the fuzzy analysis 
method. The Choquet fuzzy integral theory is then used to fuse the mapping outputs 
of the features to produce the diagnosis. The Choquet fuzzy integral is also used at 
decision level to combine the initial outputs of different classifiers to provide the final 
diagnosis. The rest part of this paper is organised as follows. In section 2, the fuzzy 
measure and fuzzy integral theory is briefly introduced. In Section 3, a feature level 
and a decision fuzzy integral data fusion model for machinery fault diagnosis are 
proposed. Section 4 presents the experimental results with discussions. Section 5 
draws the conclusion. 
2. FUZZY MEASURES AND FUZZY INTEGRALS 
A fuzzy measure on the set X of criteria is a set function  
]1,0[)(: XP  
satisfying the following axioms: 
1) 1)(,0)(  X  
2) XBA   implies )()( BA    
where },,{ 1 nxxX   is the set of  criteria, )(XP is the power set of X , i.e. the set 
of all subsets of X . Here )(A represents the weight of importance of the set of 
criteria A .   denotes the empty set. 
If a set function :g  ]1,0[)( XP  satisfying: 1)( Xg  , 
1) If BA ,  
2) ),()()()()( BgAgBgAgBAg    
3) 1 , 
then g is a fuzzy measure. g  fuzzy measure is determined by 
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where },,{ 1 nxxX   is the set of criteria; )(XP is the power set of X , i.e. the 
set of all subsets of X ; )(A is the fuzzy measure representing the importance of 
the set of criteria A  , and  niii xxxA ,...,, 1 . 
3. FEATURE LEVEL AND DECISION LEVEL FUZZ INTEGRAL 
DATA FUSION MODELS FOR FAULT DIAGNOSIS 
Based on fuzzy measure and fuzzy integral data fusion theory, this section presents 
two fuzzy integral data fusion models for machinery fault diagnosis, the feature level 
fuzzy integral fusion model and the feature level fuzzy integral fusion model.  
3.1 Feature level fuzzy integral data fusion model for fault diagnosis 
Figure 1 illustrates the architecture of the feature level fuzzy integral fusion model for 
machinery fault diagnosis. The model consists of three major modules: the partial 
matching module, interaction and importance inference module and the global 
matching module.  
The first step of the feature level fuzzy integral fusion for diagnosis is to obtain a 
degree of partial matching. The partial match with respect to a feature is the 
determination of a partial matching degree between a feature value and a fault 
prototype to establish the relation between a feature value and a given fault. Different 
methods can be used to build these partial matching relations, e.g., the probability 
density function method. The work presented in this paper employed the fuzzy c-
means analysis method to identify the partial matching relations. The matching degree 
was represented by fuzzy membership degrees. The partial matching degrees can be 
interpreted as the confidence function h which is needed by the fuzzy integrals. 
The second step for this model implementation is to identify the fuzzy measures. This 
work employed g fuzzy measures. To obtain these g fuzzy measures, the average 
membership degrees of different features for different fault prototypes were used as 
fuzzy densities. The fuzzy density reflects the overall confidence level of a feature for 
the recognition of a given fault prototype. 
Once the partial matching degrees and the fuzzy measures are obtained, they are fed 
to the global matching module together with the fuzzy measures. The fuzzy integral 
then considers both the current confidence level and the overall confidence level of 
every feature for a given fault prototype to give an overall assessment, which is the 
diagnostic result. As both the importance of every feature and the interactions among 
different features are taken into account during the matching process, the proposed 
model is expected to produce a more accurate diagnostic result than any individual 
feature can provide. 
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Figure 1.  The architecture of the feature level fuzzy integral diagnostic model 
3.2 Decision level fuzzy integral data fusion model for fault diagnosis 
Figure 2 illustrates the architecture of the decision level fuzzy integral fusion model 
for machinery fault diagnosis. In the model, different features are extracted from the 
condition monitoring data. The features are then divided into different groups to feed 
different fault classifiers. Each classifier can produce an initial diagnosis for a given 
object. Any classifiers, e.g., neural networks and fuzzy classifiers, can be employed. 
To meet the input requirement of fuzzy integral module, the initial diagnostic result of 
every classifier for a given object needs to be transferred to a fuzzy interpretation. The 
fuzzy interpretation represents the confidence level of that classifier for the given 
object, which resembles the role of the h-function in the proposed feature level fuzzy 
integral diagnostic model. The recognition rates of the classifiers on the training data 
set reflect the overall capabilities of different classifiers in identifying faults. For a 
given fault, the recognition rates of different classifiers may be different. A classifier 
may also have different recognition capabilities for different given faults. These 
versatile recognition rates form a fuzzy density set. All its subsets represent different 
fuzzy density combinations which reflect the importance of classifiers in identifying 
machinery fault modes. The fuzzy densities are used to compute fuzzy measures of 
different classifiers for different fault classifier. 
As different classifiers may have different recognition rates for different faults, the 
initial diagnostic results provided by each classifier may disagree with each other to 
some extent. The fuzzy integral module is then employed to make the final decision. 
The module uses the outputs of the classifiers as its inputs to produce a concordant 
interpretation. The outputs of each classifier consist of the recognition rate and the 
initial diagnostic result in fuzzy interpretation. The recognition rate is usually 
obtained using a statistical method based on historical training data – thus 
incorporating historical information. The initial fuzzy diagnostic result is a mapping 
of the current condition monitoring data. Therefore it represents the current state 
information of the machinery system. The final fuzzy integral diagnostic result is a 
fuzzy inferring consequence derived from both historical and current machinery 
system fault information.  
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Figure 2. The architecture of the decision level fuzzy integral diagnostic model 
4. EXPERIMENTAL RESULTS WITH DISCUSSIONS 
4.1 Experiment Setup 
Rolling element bearing and electrical motor tests were conducted on a SpectraQuest 
Machinery Fault Simulator (MFS).  Figure 3 shows the test rig with data acquisition 
system. The data acquisition system for bearing experiment included a NI A/D 
converter card Daq6062E with a connector BNC2120, an accelerometer IMI 608A11a 
signal conditioner PCB 482A20, an anti-alias filter KROHN-HITE 3202, and a 
Toshiba laptop computer. For electrical motor tests, an AC Fluke1200 current clamp 
was added to the system to measure the current signals.  
 
 
 
Figure 3. Test rig with data acquisition system 
LabView was used to record both vibration acceleration and current signals. The cut-
off frequency for the bearing test was 5 kHz, and the sampling rate 20 kHz. The three 
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bearings used in the experiment are bearings with inner race fault, outer race fault and 
ball fault. The cut-off frequency for the motor test was 1 kHz, with a 4 kHz sampling. 
The motors used in the experiment are motors with Broken Rotor Bars (BRB), motor 
with Faulty Bearing (FB) and Healthy Motor (HM). 
4.2 Results and Discussions-Feature Level Fusion Model 
Time domain features were extracted from vibration signals for bearing fault 
diagnosis. These features include Crest factor, Peak value and Kurtosis. The features 
used for motor fault diagnosis, which include both time and frequency features (see 
Table 1), were extracted from both vibration and current signals. The frequency 
feature used here is the power band. Power band systems calculate the total energy or 
power within each band generated by all the peaks within that band [14]. Table 2 
illustrates the diagnostics results of the feature level fusion model for bearing outer 
race fault. 
Peak value (A) 
(current) 
Band feature (A) 
(current, 30~50Hz) 
Band feature (g) 
(vibration, 30~200Hz) 
Kurtosis 
(vibration) 
Table 1. Features used for motor fault diagnosis 
No. 
Membership degrees Fuzzy integral 
Kurtosis Peak value Crest factor 
1 0.9562 0.9925 0.8230 0.9892 
2 0.9124 0.8584 0.3318 0.9087 
3 0.9856 0.9598 0.9947 0.9927 
4 0.9662 0.9189 0.1539 0.9621 
5 0.9674 0.9999 0.9419 0.9972 
6 0.9422 0.9059 0.5024 0.9396 
7 0.9537 0.8028 0.9487 0.9524 
8 0.9125 0.9124 0.9952 0.9786 
9 0.9956 0.9681 0.7956 0.9939 
10 0.9859 0.9567 0.9428 0.9847 
11 0.9954 0.9999 0.9233 0.9993 
12 0.9895 0.9998 0.9882 0.9990 
13 1.0000 0.9233 0.9682 0.9983 
14 0.9006 0.9840 0.9713 0.9818 
15 0.9171 0.8932 0.7508 0.9157 
16 0.9999 0.9974 0.8113 0.9992 
17 0.9963 0.9423 0.9788 0.9953 
18 0.9994 0.8885 0.9217 0.9959 
19 0.9973 0.9028 0.9816 0.9961 
20 0.9648 0.8755 0.9660 0.9651 
21 0.9996 0.9168 0.9989 0.9989 
22 0.6981 0.3889 0.0543 0.6844 
23 0.9362 0.4391 0.3515 0.9154 
24 0.9998 0.9896 0.9820 0.9993 
25 0.9633 0.9607 0.8995 0.9630 
Table 2. Feature level fuzzy integral diagnosis for bearing outer race fault 
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In Table 2, a membership degree or fuzzy integral greater than “0.5” indicates that the 
current bearing prototype is recognized correctly by the fuzzy analysis method or 
fuzzy integral technique. The feature level model performs very well in recognizing 
the rolling element bearing faults. Here the partial matching degrees were obtained 
using fuzzy c-means clustering analysis. The partial matching is regarded as an initial 
diagnosis and the global matching a final diagnosis. The result shows that the fuzzy 
integral data fusion improved the fault diagnosis significantly, as the importance of 
features and the interactions among features were considered during the diagnostic 
inferring process. The fuzzy integral data fusion process corrected most of the 
mistakes made in the partial matching process. 
The feature level model also performs well in recognizing electrical motor faults. 
Both mechanical and electrical signals were employed for electrical motor fault 
diagnosis, as mechanical signals can contribute to the recognition of electrical faults, 
and electrical signals can contribute to the recognition of mechanical faults, because 
of the interactions between mechanical parameters and electrical parameters. More 
details can be found in [15]. The average fuzzy integrals are also much higher than the 
average membership degrees of the chosen features, see Table 3. The output 
demonstrates that the results obtained by fuzzy integral data fusion techniques are also 
much more robust than the fuzzy analysis method which uses only individual features. 
 
Motor condition 
Average membership degree Average 
Fuzzy integral Peak value 
(Current) 
Band 
(Current) 
Band 
(Vibration) 
Kurtosis 
(Vibration) 
BRB 0.6669 0.5142 0.6394 0.6482 0.8572 
FB 0.9375 0.9584 0.7242 0.5795 0.9795 
HM 0.8446 0.6737 0.4922 0.6546 0.9035 
 
Table 3. Average membership degrees of features for different motor conditions 
4.3 Results and Discussions - Decision Level Fusion Model 
The features used for decision level fault diagnosis fusion model are the same as for 
the feature level fusion model. In this research, fuzzy c-means (FCM) clustering 
classifiers were used for initial diagnosis. The major advantage of using fuzzy 
classifier is that it can produce both the recognition rate and the confidence h-function 
values, therefore, the fault diagnostic procedure can be simplified. The fuzzification 
step can be omitted. The fuzzy classifier can produce the fuzzy diagnostic results 
directly. Experimental results show that the decision level multi-parameter fuzzy 
integral diagnostic model performs very well in recognizing both rolling element 
bearing and electrical motor faults. Table 4 shows the feature sets’ distributions of 
different FCM classifiers for electrical motor fault diagnosis. 
Classifiers Classifer 1 Classifier 2 Classifier 3 
Feature sets 
{Peak value(vibration), 
RMS(current)} 
{Band(current),          
Peak value(current) } 
{RMS(vibration), 
Kurtosis(current) } 
Table 4. Motor feature sets used for different classifiers 
The proposed decision level fuzzy integral data fusion model identified the motor 
conditions with 100% accuracy, see Table 5. Table 6 shows the diagnostic results of 
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the decision level model for motor with broken rotor bars. Here the recognition rates 
of FCM classifiers were used as fuzzy densities to compute the fuzzy measures; while 
the output membership degrees were used as current fault degree of confidence. The 
proposed method improved fault diagnosis significantly, as both the importance of 
each classifier and the interactions among all the classifiers were considered during 
the diagnostics inference process. 
 
 
Motor condition Classifier 1 Classifier 2 Classifier 3 Fuzzy integral 
BRB 95.72% 72.99% 100% 100% 
FB 94.87% 74.85% 99.15% 100% 
HM 90.59% 100% 97.43% 100% 
Table 5. Recognition rates of the FCM classifiers and fuzzy integrals 
 
No. 
Initial diagnosis Fuzzy integral 
Classifier 1 Classifier 2 Classifier 3 
1 0.9987 0.6314 0.9887 0.9953 
2 0.9853 0.1015 0.9988 0.9941 
3 0.7187 0.8056 0.9749 0.9651 
4 0.9796 0.7847 0.9736 0.9777 
5 0.9493 0.0336 0.9794 0.9737 
6 0.8627 0.3948 0.9412 0.9353 
7 0.9969 0.9439 0.9445 0.9879 
8 0.9455 0.0160 0.9994 0.9926 
9 0.9797 0.6115 0.9988 0.9962 
10 0.8517 0.8286 0.9936 0.9868 
11 0.9060 0.1546 0.9722 0.9656 
12 0.8822 0.9148 0.9922 0.9878 
13 0.8094 0.8069 0.8936 0.8896 
14 0.5920 0.0486 0.8633 0.8480 
15 0.8100 0.8882 0.9940 0.9873 
16 0.9800 0.9494 0.9976 0.9967 
17 0.7259 0.3422 0.9812 0.9674 
18 0.9994 0.8342 0.9744 0.9945 
19 0.9172 0.9678 0.9892 0.9871 
20 0.8227 0.6793 0.9716 0.9639 
21 0.8674 0.7597 0.7721 0.8510 
22 0.9324 0.9841 0.9019 0.9565 
23 0.7798 0.8734 0.9790 0.9721 
24 0.9656 0.6883 0.9503 0.9618 
25 0.7859 0.9636 0.9319 0.9451 
 
Table 6. Decision level fuzzy integral diagnosis for motor with broken rotor bars 
 
Similarly to the feature level fusion model, decision level fuzzy integral data fusion 
techniques improves the robustness of the fault diagnosis, see Table 7. 
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.  
Motor condition 
Average membership degree Average 
fuzzy integral Classifier 1 Classifier 2 Classifier 3 
BRB 0.8290 0.7129 0.9528 0.9540 
FB 0.8593 0.7740 0.9826 0.9855 
HM 0.8383 0.9583 0.8951 0.9782 
Table 7. Average membership degrees and average fuzzy integrals 
5. CONCLUSIONS 
This paper has presented a fuzzy measure and fuzzy integral data fusion approach for 
rotating machinery fault diagnosis. The approach was implemented at both the feature 
and decision levels. Experimental results using rolling element bearings and electrical 
motors showed that both the feature level and decision level multi-parameter fuzzy 
integral diagnostic models performed very well in recognizing machinery faults. The 
proposed feature level method improved fault diagnosis significantly, as both the 
importance of features and the interactions among features were considered. The 
fuzzy integral fusion compensated for most of the limitations in the partial matching 
process. The decision level method also performed very well, as both the importance 
of classifiers and the interactions between classifiers were taken into account during 
the inference process.  
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